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Abstract

A structure of Partly-Hidden Markov Model (PHMM) is opti-
mized.

PHMM was proposed in our previous work to deal with the
complicated temporal changes of acoustic features. It can re-
alize the observation dependent behaviors in both observations
and state transitions. In the formulation of previous PHMM, we
used a common structure in all model categories. However, it is
well known that the optimal structure which gives best perfor-
mance differs from category to category.

In this paper, we designed a new structure optimization
method in which the state-observation dependences in PHMM
are optimally defined with respect to each category using
Weighted Likelihood-Ratio Maximization (WLRM) criterion.
WLRM criterion induces sparse and discriminative structures,
and therefore gives the resulting structurally discriminative
models. We define the model structure combination which gives
maximum weighted likelihood-ratio for any possible structure
patterns as the optimal structures, and Genetic Algorithm is ap-
plied to an optimal approximation of search.

As the results of continuous speech recognition aiming at
lecture talks, the effectiveness of the proposed structure op-
timization is shown: it reduced the word errors compared to
HMM and PHMM with common structure for all categories.

1. Introduction
Many researchers have tried many efforts toward precise acous-
tic models for speech recognition [1][2][3][4]. We also pro-
posed Partly Hidden Markov Model (PHMM) aiming at treat-
ing more complicated temporal changes of acoustic features.
The previous paper revealed the effectiveness of PHMM for the
modeling of speech and also gestures [5][6]. In the framework
of PHMM, the pair of the hidden state and the observable state
determines the stochastic phenomena of not only current ob-
servations but also next state transitions. The existence of ob-
servable state realizes the observation-dependent behavior (not
state-dependent piecewise-stationary behavior) in both observa-
tions and state transitions.

PHMM achieved better performance than HMM but had a
non-essential constraint: same state-observation dependence is
used for all model categories. However, in general, the optimal
state-observation dependence differs from category to category.
Thus, the optimization of such a structure with respect to each
category is expected to be conductive to improve performance
[7][8]. In this paper, we propose a new structure optimization
method for PHMM, in which a state-observation dependence
in PHMM is optimally defined with respect to each category
using Weighted Likelihood-Ratio Maximization (WLRM) cri-
terion. In this criterion, weighted likelihood-ratio introduced as

an objective function can be applied to induce sparse and dis-
criminative structures, and therefore the models with structural
discriminability are obtained. Also, it is meaningful to improve
the likelihood-ratio calculated for data which contribute to re-
duction of recognition errors. Therefore, in WLRM criterion,
the likelihood-ratio is used without change at a lower value of
the likelihood-ratio, while the likelihood-ratio is replaced by the
threshold value at a higher value of the likelihood-ratio.

Here, the purpose of optimizing the structure of PHMM is
not only to improve recognition performance with a focus on a
particular category but also to improve the performance robustly
for every conceivable data. Thus, the weighted likelihood-ratio
is required to be maximized for any possible structure pat-
terns. The structure pattern which gives the maximum weighted
likelihood-ratio is regarded as the optimal structure. How-
ever, an enormous amount of structure combinations can be
generated for all model categories. Therefore, for that enor-
mous amount of structure patterns, the full search of weighted
likelihood-ratio is just not realistic. In order to solve this prob-
lem, a Genetic Algorithm is applied to an optimal approxima-
tion for a full search.

In the next section, PHMM is briefly surveyed as the base
of the poposal in this paper. In section 3, the structure opti-
mization method for PHMM is proposed. A measure for eval-
uation of optimality and an actual optimization method are de-
scribed in this section. Finally in section 4, the results of the
proposed method for continuous speech recognition aiming at
lecture talks are shown.

2. Partly Hidden Markov Model
In the proposed model, the observation probability and the state
transition probability are conditioned by the two states sh

t , so
t as

follows:

observation probability : Pr(xt|sh
t , s

o
t )

transition probability : Pr(s
h
t+1|sh

t , s
o
t ), Pr(s

o
t+1|sh

t , s
o
t )

We call sh
t H-state (Hidden state). And we call so

t O-state
(Observable state). We call this model “Partly Hidden Markov
Model (PHMM).”

If both of these states, sh
t , so

t , are uniquely determined from
past observations, this model is equivalent to Markov Model. If
both of them are stochastically determined, it is equivalent to
Hidden Markov Model (HMM).

In PHMM, different combination of H-state and O-state are
used to determine the observation probability and the state tran-
sition probability. In order to realize this framework, we in-
troduce two kinds of observable states, OO-State (soo

t ) and OS-
State (sos

t ). Here, soo
t is used to determine the observation prob-

ability, and sos
t is used to determine the state transition one. The
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Figure 1: Dependence of the observation sequence and the state
transition sequence in PHMM. Solid lines express probabilis-
tic dependences and dotted lines express deterministic depen-
dences. soo

t is observable only from the previous N frame ob-
servation and sos

t is observable only from the last observation.

time t-N t-N+1 t-1 t t+1

Observation
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Figure 2: The simplified dependence graph of PHMM using the
relation soo

t = xt−N , sos
t = xt−1.

state-observation dependence graph in this framework is shown
in Fig. 1. In PHMM, soo

t and sos
t are observable from any past

observations. In this paper, we adopt the framework, in which
soo

t is observable only from the previous N frame observation
xt−N and sos

t is observable only from last observation xt−1.
The simplified dependence graph of PHMM using the above
relation soo

t = xt−N , sos
t = xt−1 is shown in Fig. 2.

HMM can deal with only the state-dependent piecewise-
stationary behavior in both observations and state transitions.
While, in PHMM, the pair of the hidden state and the observ-
able state determines the stochastic phenomena of not only cur-
rent observations but also next state transitions. By introducing
O-state, the observation-dependent behavior is realized in both
observations and state transitions. Therefore, the model can
deal with a more complicated process than piecewise station-
ary. In PHMM, the probability that the observation sequence
x1, x2, · · · , xT comes from the model with the H-state transi-
tion sh

1 , s
h
2 , · · · , sh

T is defined by the following equation.

Ps = Pr(s
h
1 , x−N+1) · Pr(x1|sh

1 , x−N+1)

·
T−1�
t=1

Pr(s
h
t+1|sh

t , xt−1) · Pr(xt+1|sh
t+1, xt−N+1)

= Pr(s
h
1 ) · Pr(x−N+1, x1|sh

1 )

·
T−1�
t=1

Pr(s
h
t+1|sh

t )Pr(xt−1|sh
t , s

h
t+1)

Pr(xt−1|sh
t )

·Pr(xt−N+1, xt+1|sh
t+1)

Pr(xt−N+1|sh
t+1)

(1)

Pr(x1, x2, · · · , xT ) can be obtained by summing up Eq.(1) for
all possible combinations of H-state transition sh

1 , s
h
2 , · · · , sh

T .

3. Structure optimization in PHMMs
In this section, we describe the method of optimizing the struc-
ture of PHMM from various kinds of structure patterns using
weighted likelihood-ratio maximization criterion. In this paper,
we focus on the frame interval applied to inter-frame observa-
tion correlation as one of the measure expressing the structure
of PHMM, and attempt to optimize such a frame interval sepa-
rately with respect to each category.

3.1. Weighted likelihood-ratio maximization criterion

In a likelihood-ratio maximization criterion, an objective func-
tion is generally defined as the difference between logarithmic
likelihood given by the correct category and logarithmic likeli-
hood given by the best matching incorrect category. The struc-
ture which gives the maximum likelihood-ratio based objective
value is regarded as the optimal structure.

We let θj be a model parameter of category j and let
g(x, θj) be a likelihood of observation x which is given by θj .
The difference of logarithmic likelihood of data, for which cor-
rect category is k, dk(x,Θ), is defined in following equation.

dk(x,Θ) = g(x, θk) − max
j �=k

g(x, θj) (2)

Here, Θ denotes the model parameter set of all categories and
M denotes the number of models.

Θ = {θ1, θ2, · · · , θM}
From Eq.(2), the likelihood-ratio maximization based

framework can improve the degree of separation between the
correct category and other incorrect categories, and therefore
contribute to reduction of recognition errors which occurs in
case that some scores of incorrect categories are unduly high.
Here, it is meaningful to improve the likelihood-ratio calculated
for data which contribute to reduction of recognition errors. It
is difficult to improve recognition results for data for which the
absolute value of the likelihood-ratio |dk(x,Θ)| becomes large
even if the corresponding likelihood-ratio is improved. While,
it is significant to improve the likelihood-ratio given by the data
for which |dk(x,Θ)| becomes close in value to zero. From the
point of view above, the likelihood-ratio d = dk(x,Θ) given
by Eq.(2) can be compensated by the following weighting func-
tion.

ϕa
b (dk(x, θ)) =

�
2a

1+exp(−2d/a)
− a (d > 0)

2b
1+exp(−2d/b)

− b (d < 0)
(3)

We call this ϕa
b (d) the weighted likelihood-ratio. The graph of

ϕa
b (d) is shown in Fig.3. Here, the likelihood-ratio is applied

without change at lower values of the likelihood-ratio, while
the likelihood-ratio is replaced by the threshold value a and b at
higher values of the likelihood-ratio. Using ϕa

b (d), the objective
function given by Eq.(2) becomes the following equation.

F (Θ) =
�

s

ϕa
b

�
dk(xs,Θ)

�
(4)

Here, s denotes a suffix of a segment given by executing forced
alignment for the training data. xs denotes an observation vec-
tor of segment s, and k denotes a correct category of segment
s.

The optimal parameter and structure Θ of the model is de-
fined so as to maximize such a weighted likelihood-ratio based
objective function given by Eq.(4). We call this criterion for op-
timization Weighted Likelihood-Ratio Maximization (WLRM)
criterion.
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Figure 3: Compensation of a likelihood-ratio

3.2. Structure optimization based on WLRM Criterion

3.2.1. Outline of optimization method

The purpose of optimizing the structure of the models is not
only to improve recognition performance with a focus on a
particular category but also to improve the performance ro-
bustly for every conceivable data. Thus, in WLRM criterion,
the weighted likelihood-ratio is required to be maximized for
any possible structure patterns and not for a particular category.
Given that the number of model categories is M and the number
of possible structures for each model category is S, any possi-
ble model structure patterns have SM combinations. Here, S is
about 400 and M is 6 in our experiments described in section
4. Thus, an enormous amount of structure combinations can be
generated for all model categories, and therefore the full search
of weighted likelihood-ratio for those is just not realistic. In or-
der to solve this problem, a Genetic Algorithm (GA) is applied
to an optimal approximation for a full search.

3.2.2. Application of Genetic Algorithm

In order to realize the framework that the optimal structure com-
bination for all model categories can be determined from any
possible model structure patterns, the important factors com-
posing GA operations, such as individuals, chromosomes and
genes, are defined based on following rules.

• An individual has a chromosome.

• A chromosome is constructed from M genes. Here, M
denotes the number of model categories.

• A gene has a structure index of particular model cate-
gory.

The basic concept of the individual definition is shown in Fig.4.
Here, the structure of PHMM means the frame interval applied
to the inter-frame observation correlation in PHMM. That is to
say, WLRM criterion optimizes N in Eq.(1) with respect to each
category.

In the initialization step of GA based structure optimization,
individuals in which all genes have common values can be gen-
erated. Then, until the number of individuals reaches a specified
value, the remaining individuals can be generated by giving the
appropriate random number as a structure index to each gene.
Such a generation method of individuals is also shown in Fig.4.

During successive generations, each individual is evaluated,
and a value of goodness or fitness is given by a fitness function.
The individual is sorted, with those having better fitness (repre-
senting better solutions to the problem) ranked at the top. In this
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Figure 4: Generation of individuals

paper, the weighted likelihood-ratio based objective function
given by Eq.(4) is applied to the fitness function. This is cal-
culated for each individual respectively, and then genes which
attribute to the individual with the maximum fitness represent
an optimal structure combination.

4. Continuous speech recognition
experiment

In order to evaluate the effectiveness of the structure optimiza-
tion method we proposed, continuous speech recognition exper-
iment aiming at lecture talks was executed.

4.1. Experimental Setup

Experimental comparisons are conducted based on a lecture talk
speech from CSJ (Corpus of Spontaneous Japanese) database
[9]. Training data and test data are represented by 12 MFCCs,
power, delta MFCCs and delta power, sampled every 10 ms.

The acoustic models we used are trained with 804 lec-
ture talks included in several academic conferences from CSJ
database. We adopted the demi-syllable models, which consist
of the on-glide and the stationary parts (no off-glide), because
PHMM is excellent at expressing the transitional part. Here,
the number of model categories is 392. The distribution func-
tion for each state in the models is represented by a 4-mixture
gaussian distribution with diagonal covariance.

For the evaluation, we used 3 lecture talks of CSJ database
which were not used for training of acoustic models. Here,
we excluded the sentences including the factors, such as filled
pauses, repairs and unknown words, which does not contribute
to reduction of recognition errors even if the performance of
acoustic models is improved.

We use 3-gram language models, which were constructed
using the lexicon of 20K vocabulary size. The vocabulary set
consists of the most frequent words in 612 lecture talks included
in CSJ database. The recognition engine we used for the eval-
uation performs one-pass search using word 3-gram. A frame
synchronous beam search is performed in the search algorithm
using the tree-structured lexicon which makes a phoneme the
unit of the node.

The optimal structure of PHMM was selected from 6 kinds
of structures which were preliminarily trained based on maxi-
mum likelihood criterion, using 3000 sentences from training
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Figure 5: Word accuracy as a function of generation

data described above. Here, we used 6 kinds of structures,
in which the frame intervals applied to inter-frame observation
correlation N fulfills N = 4, 5, 6, 7, 8, 9. Also, we used several
weighting forms for likelihood-ratio, and therefore we evalu-
ated the recognition performance for several values of a and b in
Eq.(3), which give the value of convergence of likelihood-ratio.
Here, we used ϕ70

70(d), ϕ70
100(d) and ϕ100

100(d) as the weighting
function. Our GA operations executed roulette selection and
elite preserving for selection stage and uniform crossover for
crossover stage. Other parameters used in our GA operations
are shown in Table.1.

Table 1: Parameters of Genetic Algorithm

parameters value
population size 100

maximum generation number 300
crossover rate 0.8
mutation rate 0.001

number of elite individuals 1

4.2. Experimental Results

Fig.5 shows the word accuracy as a function of generations (it-
eration counts of GA operations), when the frame intervals ap-
plied to inter-frame observation correlation in PHMM are opti-
mally selected using WLRM criterion. In this figure, the solid
or dotted lines indicated by “ϕa b” express recognition perfor-
mance of PHMM when ϕa

b is used as the weighting function,
and the line indicated by “HMM” expresses performance of
HMM. In the 0-th generation, we show the performance in case
that the frame interval of inter-frame observation correlation is
6 frames, and here the structures in PHMM are same for all
categories. Random numbers are used in GA operations such
as initialization in which individuals are generated, selection,
crossover and mutation, and therefore an evaluation is required
to be executed based on the average of recognition performance
given by repetition of same experiments. In Fig. 5, the average
of 5 experiments is shown. By optimally selecting the frame
interval of inter-frame observation correlation in PHMM with
respect to each category, it is shown that the performance is just
about improved for any generations. Specifically, the proposed

method gives good performance when ϕ70
70 is used as a weight-

ing function. The proposed method gives the best performance
of 84.1%. This is a 4.8% reduction in error rate compared with
0-th generation PHMM in which a common structure is used
for all model categories (83.3%) and 5.4% reduction compared
with HMM (83.2%). However, sufficient improvement in per-
formance is not obtained. It is attributed to insufficient training
data for structure optimization. Here, although about 220000
sentences are used for maximum likelihood training of basic
PHMMs with a common structure in all categories, only 3000
sentences are used for the proposed structure optimization.

5. Conclusion
We proposed a structure optimization method in Partly-Hidden
Markov Models, in which the frame interval applied to
inter-frame observation correlation is optimally defined using
weighted likelihood-ratio maximization criterion, and evalu-
ated the effectiveness of the proposed method using continu-
ous speech recognition aiming at a lecture talk. The recognition
performance was improved by optimally selecting the structure
with respect to each category not using the common structure
for all categories. The proposed method reduced word errors by
5.4% compared with HMM and 4.8% compared with PHMM
which used common structure for all categories.

In the next stage, we would like to investigate a more
reliable measure of evaluation which give a high correlation
with recognition performance and therefore can deterministi-
cally specify a optimal structure.
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